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Abstract. Automatic classification of ECG signals has been a longtime research
area with large progress having been made recently. However these advances have
been achieved with increasingly complex models at the expense of model's
interpretability. In this research, a new model based on multivariate autoregressive
model (MAR) coefficients combined with a tree-based model to classify bundle
branch blocks is proposed. The advantage of the presented approach is to build a
lightweight model which combined with post-hoc interpretability can bring new
insights into important cross-lead dependencies which are indicative of the diseases
of interest.
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1. Introduction

An electrocardiogram is a very common clinical exam, low-cost, non-invasive and allow
to diagnose a range of cardiovascular diseases. Electrocardiograms measure the electric
activity of the heart and aim to build a map of the heart in three orthogonal directions.
Standard ECGs produce a signal with 12 derivations measured over approximately 10
seconds with a standard sampling frequency of S00Hz resulting in series with 5000
timesteps. ECGs are often analysed by non-experts staff and reports suggest that they are
open to misdiagnosis [1]. This data abundance and a need for accurate diagnostic created
a longtime interest for the automatic classification of diseases from electrocardiogram
signals. Classification of time-series has often been seen as a difficult task for neural
networks which struggle to learn long-term dependencies often encountered in ECG data.
Recently, numerous models, mainly based on deep-neural networks, have achieved very
high classification accuracy for a range of cardiovascular diseases [2,3].

One drawback of these approaches based on deep neural network is the lack of
interpretability of the developed models. In this work, interpretability refers to building
an understanding of which features were used and their relative importance for the model
to classify a given ECG. Indeed with ever more complex models, it can be very difficult
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to understand how a model came to a given conclusion on a specific sample. Different
methods have been developed to address this issue and provide what has been termed
post-hoc explainability [4]. Post-hoc explainability is a key requirement for clinicians to
adopt these technologies [5], but might also become a legal requirement following a
recent recommendation from the European Commission [6]. Recent works looked at
providing interpretability in the context of ECG classification using deep neural
networks (DNN). The current approach consist in first training a DNN and then applying
post-hoc explainability, principally LIME [7], to highlight the most important part of the
signal used by the network to provide the classification of a given sample. The LIME
interpretability method is widely used as it is model-agnostic, meaning it can be applied
on any architecture. LIME and other interpretability methods were initially developed
for natural language processing (NLP) or image classification task. Given this
background, one current limitation is that they fail to highlight important dependencies
captured by the network both across time steps and different leads of the ECG. With this
issue in mind, the presented method aims to address the following issues:

e The computing intensive nature of deep neural network required to learn the
complex dependencies observed in ECG signals.

e The lack of interpretability method to highlight dependencies across leads
captured by the models.

As part of this research, it was decided to build models to classify the presence of
left and right bundle branch blocks respectively LBBB and RBBB. Bundle branch blocks
refer to delay or blockage of the electrical signal responsible for making the heart beat
[8]. Bundle branch blocks are associated with higher risk of serious cardiovascular
complications and mortality in specific conditions [9,10]. While automatic classification
of bundle branch blocks is well studied [11], the following work aims to present a much
smaller model, which does not rely on CNN or LSTM layers, with improved
interpretability of the classification models.

2. Methods

The CPSC subset from the large PhysioNet: Classification of 12-lead ECGs dataset [12]
was used. This dataset includes a total of 6850 ECGs, with a minimal length of 10
seconds, annotated for 9 cardiovascular diseases. Out of these ECGs, 232 were annotated
with a LBBB diagnostic, 1854 with a RBBB and 916 with a normal rhythm.

The model presented in this work is based on using a multivariate autoregressive
model (MAR) as a preprocessing step to capture inter-lead dependencies. MAR model
aims to explain current values of a multivariate time series as a linear combination of the
past values. A MAR model of order p will use the p previous time step of the serie of
interest to predict the following. For a time series X € RM™*T where M is the number of
feature of the time series, in our case the number of derivation obtained with the ECG
signals, and T the number of time steps in the series, we can write our MAR model as
follows:

X = ?=1Ai X it e (1)
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Where 4; € RM™*M js the matrix of coefficient and €, the additive Gaussian noise
with zero mean and covariance R. For the rest of the analysis, a MAR model of order
one is used, so that A = A;. The matrix A is central to the presented analysis as it encodes
the conditional dependencies across the leads of the ECG signals [13] as well as reducing
the dimension from the domain R5%09%12 to a smaller R'?*!2 domain. This
dimensionality reduction allows to greatly reduce the computing power required to train
a classification model. The rest of the analysis relies on the assumption that the changes
induced by a left or right bundle branch will affect the dependency across the leads and
hence can be used as a marker to classify these two diseases. MAR models have been
widely adopted to infer organisation model of the human brain using functional magnetic
resonance imaging (fMRI) time series [14]. Surprisingly these models have not yet been
used, to the authors’ knowledge, on ECG data. As a prerequisite to compute the MAR
coefficients, the stationarity of the time series was tested using the Augmented Dickey—
Fuller test. In addition, all samples were normalised by removing their mean and scaling
them to unit variance.

A first statistical analysis of the significance of the MAR model’s coefficients with
regards to the diseases of interest was performed using a permutation test based on the
means of the groups [15].

For each of the disease of interest, the MAR coefficients were used as input to train
a tree-based model, more specifically a Light Gradient Boosting Model (LightGBM) [16].
LightGBM is based on gradient boosted tree model and has gained attraction for its state-
of-the-art performance. For each of the two trained models the target for each sample
was whether the latter was annotated with the disease of interest or as a sample with a
sinus rhythm. Once these models are trained, Tree SHAP [17] is used to provide post-
hoc interpretability under the form of Shapley values. Shapley values aim to explain
which coefficients of the MAR model were used by the trained tree model as indicative
of the diseases of interest.

3. Results

Initial permutation tests showed that out of the 144 (12 x 12) MAR coefficients, 66 for
LBBB and 84 for RBBB had a significant distribution difference with regards to samples
with a sinus rhythm p < 0.05. Hyperparameter optimisation was performed for the two
classification tasks with the optimal hyperparameters for each model along resulting
classification metrics presented respectively in Table 1 and Table 2.

Table 1. Model’s Hyperparameters Table 2. Classification Metrics
LBBB RBBB LBBB RBBB
Learning rate 0.12 0.11 Accuracy 0.97 0.84
Nb. leaves 1420 1220 Precision 0.95 0.85
Max depth 4 6 Recall 0.88 091
Fl 0.91 0.88

Shapley values were calculated using TreeShap [17] for the two models. Shapley values
explain how each feature across the dataset influenced the prediction of the model of

2 Full implementation of the discussed method is presented at https://github.com/hturbe/ECG_MAR Model
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interest. In Figure 1, the influence of two important MAR coefficients on the
classification of LBBB are shown. This figure shows the Shapley value attributed to a
specific feature across the entire dataset and allows to gain insights into how specific
values of the feature influence the model's predictions. The magnitude of the Shapley
value shown on the y-axis reflects the importance of this feature for the model to classify
the sample. In addition, a positive Shapley value indicates that this feature played in
favour of the sample being classified as having the disease of interest while a negative
Shapley value indicates that the feature played against the sample being predicted with
the disease. Figure 1a shows that a positive dependence between lead V1 and aVR is
associated by the network as an indication of a LBBB while the opposite is true for the
dependence between leads V2 and I as shown by Figure 1b. Regarding RBBB, the
dependence between leads V1 and V2 was found to be a key diagnostic criterion.

SHAP value for
Vvi1-avR

SHAP value for

(A) (B)
Figure 1. Shapley values computed on the model trained to predict LBBB. Shapley values are presented for
the MAR coefficient encoding the dependence between leads V1-aVR (a) and leads V2-I (b).

4. Conclusions

The presented approach is based on encoding the temporal dependencies across the ECG
leads within the MAR model. This initial step allows to reduce each ECG into a matrix
of 144 coefficients. The coefficients are then used as inputs for tree-based models with
smaller computing requirements than traditional approaches based on neural networks
architectures. Two models are trained achieving an accuracy of respectively 97% for the
classification of LBBB and 84% for RBBB. Of interest, the accuracy for the
classification of LBBB is achieved with a dataset including only 232 samples annotated
with the disease. One current drawback of the method is that it discards "intra-lead"
feature, such as QRS length and others. An avenue to fix this issue would be to augment
the MAR coefficients with intra-signal measurements.

Shapley values provide interesting insights into how a change in the dependence
between a pair of leads are indicative of a specific disease. The research showed how
change in dependencies between lead V1 and aVR and leads V2 and I were
discriminative to predict a LBBB. In addition, while some research have focused on
developing interpretability methods for ECG classification, they show time steps in given
leads which were important for the classification. This information is interesting but does
not reflect how dependence across leads, which might be captured by the developed
models, play a role in the final prediction.
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Finally, the models presented in this article should be trained and tested on a more
extensive dataset. Indeed, currently the classification is limited between sinus rhythm
and the two diseases which were analysed. However this classification does not reflect a
clinical setting where patient might also exhibit different cardiovascular diseases.
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